The selection of a design for the given product is a critical problem in product design development. Focuses of the designers and customers on the design are not identical. In order to bridge the gap and provide a more relaxing way to select the design, a new method based on quality function deployment (QFD) is proposed. In such a method, customers are required to give their linguistic preferences on the design with respect to the customer requirements (CRs). In the rating of the weight of CRs, they are allowed to provide incomplete linguistic weight information and the objective optimization model is proposed to derive the exact linguistic weight information. Designers are required to rate the correlation between design requirements (DRs) and the relationship between the CRs and DRs to construct the house of quality. Opinions given by the customers are translated into the opinions with respect to the DRs based on the QFD. Afterwards, the priorities of the designs and design requirements are determined. The assessment results not only show the contribution of each design requirement to the customer satisfaction but also show the advantages and disadvantages of each design from the designers' perspective clearly and directly. An example is provided to validate the applicability of the proposed method.
Introduction
The selection of the particular design for a given product is perhaps the most critical problem in product design development [1] [2] [3] . Designs are often evaluated from many aspects by groups of decision makers. Since the product is customer oriented, the opinions given by customers greatly impact the eventual success or failure of a product in the market [4] [5] [6] . The criteria which are constructed from the designer's perspective reflect the characteristic of the design, but the customers are not familiar with the criteria and they cannot fully express their preferences. On the contrary, the criteria which are constructed from the customer's perspective facilities the expression of customer requirements, but the evaluation results cannot reflect the advantages and disadvantages of the design clearly and directly, which is important for the improvement of the design. Therefore, methods are needed to take the advantages of the evaluations with respect to the two kinds of criteria.
Quality function deployment (QFD) provides the way to connect the customers' preferences and designers' preferences. It is a useful tool that deploys the voice of customer into searching for best solutions for the design and development of products [7] . QFD translates the customer requirements (CRs) into design requirements (DRs) that are considered in product design. Each translation can be represented graphically in a matrix configuration generally known as the house of quality (HoQ) [8, 9] , as shown in Figure 1 . HoQ is composed of six parts: Area A represents customer requirements (CRs), which are the criteria constructed from the customers' perspective. Area B represents the importance level of CRs. Area C represents design requirements (DRs), which are the criteria constructed from the designers' perspective. Area D represents the relationship of CRs and DRs. Area E indicates how DRs affect each other. Area F represents the priority of DRs.
In the selection of designs, customers are required to rate the alternatives and give the weight information of CRs. In the construction of HoQ, designers are required to give their opinions about the correlations between DRs and relationships between CRs and DRs. The data available in the early stage of new product design is often limited and inaccurate [10] [11] [12] . Decisions are often have to be made with vague, imprecise, and uncertain information. It is more suitable for decision makers to express their preferences by means of linguistic terms instead of numerical ones considering the uncertain knowledge they have about the problem [13, 14] . Although the QFD has been extended in a fuzzy environment [12, 15] , it fails to solve the selection problem with incomplete linguistic weight information of CRs. In this paper, a new method for product design selection with incomplete linguistic weight information of CRs based on QFD in a fuzzy environment is developed. The remainder of this paper is set out as follows. In the next section, we introduce some basic concepts of the fuzzy linguistic model. In the third section, we develop a practical method based on QFD for product design selection with incomplete linguistic weight information of CRs. In Section 4, we give an illustrative example to illustrate the availability of the proposed model. In the final section, we conclude the paper.
Preliminaries

Fuzzy Linguistic Model.
Decisions are always made under uncertain frameworks in real world. Probabilistic models have been provided to manage uncertainty in decision problems. However, most uncertainty has a nonprobabilistic nature. It is more practical for decision makers to give their opinions by terms close to human beings' cognitive model [13, 16] . Fuzzy linguistic approach based on the fuzzy set theory has been used to model such an uncertainty by means of linguistic variables [14] . The use of linguistic information needs the operation of linguistic variables. Computing with words (CWW) is the methodology for decision making, in which the information is described by words [17, 18] or sentences [19] in natural language. It imitates human cognitive processes to improve solving processes of problems dealing with uncertainty.
There are two computational models developed to perform linguistic computations based on the fuzzy linguistic approach [20, 21] . The first one is the linguistic computing model based on membership functions [20] . The model carries out the computations with linguistic terms by operating with their membership functions. The results obtained by the fuzzy linguistic operators are fuzzy numbers that usually do not match with any linguistic term in the initial term set. The second one is symbolic linguistic computing model based on ordinal scales [21, 22] . It uses the ordered structure of the linguistic term set to accomplish symbolic computations. Because of the simplicity and high interpretability, symbolic models have been widely used and extended. For example, Herrera et al. [23] present a fuzzy linguistic method dealing with unbalanced linguistic term sets to evaluate students' knowledge. Herrera and Herrera-Viedma [24] study the steps to follow in linguistic decision analysis to select the investment options. Mata et al. [25] proposed an adaptive consensus support system model to choose the best brand of wine. These models deal with the linguistic information effectively, but there exists a drawback of loss of information [17] . The calculation results of these models usually do not exactly match any of the initial linguistic terms and the approximation process must be developed to express the result in the initial expression domain. As a result, the consequent loss of information and hence the lack of precision are produced.
Many linguistic computing models are proposed to improve the accuracy and understandability in linguistic decision making, such as the 2-tuple linguistic model [26] , the virtual linguistic model [27] , and the proportional 2-tuple linguistic model [28] . In these models, the 2-tuple linguistic model is the most adequate linguistic computing model to deal with linguistic information in decision problems [17] . It keeps a syntax and fuzzy semantics. In the model, the results match the initial linguistic terms in its representation. The approximation process is not needed, and as a result, there is no loss of information. Thus, it can provide more accurate and, understandable results for human beings [26, 29, 30] . The 2-tuple linguistic model has been used in many areas such as hotel service quality evaluation [31] , health-related websites quality evaluation [32] , and quality evaluation of websites that store XML documents [33] .
In the following, we briefly review the 2-tuple fuzzy linguistic representation model [26, 29] .
The 2-tuple linguistic representation model is based on the concept of symbolic translation. It is used for representing the linguistic evaluation information by means of a 2-tuple that is composed of a linguistic term and a number. It can be denoted as ( , ) where represents the linguistic label of the predefined linguistic term set , and indicates the distance to the central value of the th linguistic term. For example, a set of seven terms could be given as follows: 
Definition 2. Let = { 0 , 1 , . . . , } be a linguistic term set; let ∈ [0, ] be a number value representing the aggregation result of linguistic symbolic. Then the symbolic translation process is applied to translate into a 2-tuple linguistic variable. The generalized translation function (Δ) can be represented as
where Round(⋅) is the usual round operation, has the closest index label to , and is the value of the symbolic translation.
Definition 3. The 2-tuple linguistic variable can be converted into an equivalent numerical value ( ∈ [0, ]) by the following formula:
where Δ −1 ( , ) signifies a reverse equation for converting the 2-tuple linguistic variable into a crisp value, is a number value representing the aggregation result of linguistic symbolic, and is a numerical value which represents the symbolic translation.
Definition 4 (Negative Operator). Consider
Definition 5. Let = {( 1 , 1 ), . . . , ( , )} be a 2-tuple linguistic variable set; their arithmetic mean can be calculated as
} is a 2-tuple linguistic variable set and = { 1 , . . . , } is the weight set of linguistic terms, the 2-tuple linguistic weighted average can be computed as
Definition 7. Let = {( 1 , 1 ), . . . , ( , )} be a 2-tuple linguistic variable set and = {( 1 , 1 ), . . . , ( , )} their linguistic 2-tuple associated weights. This linguistic weighted average operator can be computed as
Definition 8. If ( , ) and ( , ) are two 2-tuple linguistic variables, with each one representing a counting of information as follows:
(1) when > , ( , ) is better than ( , ); (2) if = and > , then ( , ) is better than ( , ); (3) if = and < , then ( , ) is worse than ( , ); (4) if = and = , then ( , ) is equal to ( , ).
Incomplete Information.
In decision making, decision makers need to give their assessment information about the alternatives. Complete preferences are always difficult to be given. For example, a decision maker cannot provide exact estimations of criteria weights or he/she is not willing or able to specify the preferences in detail. This may be due to time pressure and lack of data, limited attention, and information processing capabilities, or because many of the attributes are intangible or nonmonetary because they reflect social and environmental impacts [34] [35] [36] [37] . In such situations, decision makers are forced to provide incomplete information. Therefore, tools are needed to aid the experts in dealing with this lack of knowledge in their opinions. As usual, there are always two types of incomplete information.
The first type is the incomplete preference relation. Incomplete fuzzy preference relation means a fuzzy preference relation with some of its values missing or unknown [36, 37] . It often exists in the decision making process when decision makers are not always able to provide preference degrees between every pair of possible alternatives. Methods have been proposed to resolve the problem. For example, Herrera-Viedma et al. [38] presented a consensus model for decision making problems with incomplete fuzzy preference relations. Herrera-Viedma et al. [39] proposed an iterative procedure to estimate the missing information in incomplete fuzzy preference relation. The method has also been used in recommender system in university digital libraries [36] . Alonso et al. [37] proposed a procedure to estimate missing preference values of incomplete fuzzy linguistic preference relations using a two-tuple fuzzy linguistic approach.
The second type is the incomplete weight information. In the study, we focus on this type of incomplete information. Incomplete weight information means the weight of the criteria is partially known [34, 35] . The weight information can be partially given in the form of linear inequalities such as rankings and interval descriptions. Examples of incomplete information on criteria weights are given by the following forms [34, 35] : where, , , , and are the weights of the criteria, and are the constants. The difficulty in taking the information of Forms 2-4 is to precisely define their constants. Form 5 is a ranking of differences of adjacent parameters obtained by ranking between two parameters, which can be subsequently constructed based on Form 1.
The incomplete weight information in which the constants and weights are in the form of linguistic terms is named as incomplete linguistic weight information. It facilitates the expression of preferences and makes the weights more understandable.
The main method to resolve the problem of incomplete weight information by the calculation of the exact weight information is linear programming technologies [40] . Many multiple criteria decision making methods have been extended with the incomplete weight information [41] [42] [43] [44] [45] . They all require the constants to be defined by precise numbers and the obtained weights are also precise numbers. However, few researches are conducted on the incomplete linguistic weight information.
The Method for Product Design Selection with Incomplete Linguistic Weight Information of CRs Based on QFD in a Fuzzy Environment
In new product design especially in the early stage, the data available is often limited and inaccurate [10] [11] [12] . Decisions have to be made with vague, imprecise, and uncertain information. It is hard to get crisp numbers. The opinions given by the decision makers have great influence on the accuracy of decision making. Since linguistic terms imitate human cognitive model and are understandable, decision makers can express their opinions more accurately. Therefore, the linguistic decision making methods are more fit than the crisp numerical methods in the product design selection. Let = { 1 , 2 , . . . , } be a discrete set of alternatives, CR = {CR 1 , CR 2 , . . . , CR } the set of CRs, DR = {DR 1 , DR 2 , . . . , DR } the set of DRs, = { 1 , 2 , . . . , } and = { 1 , 2 , . . . , V } the sets of customers and designers respectively, = { 1 , 2 , . . . , } be the linguistic weight vector of DRs, and = { 1 , 2 , . . . , } the linguistic weight vector of CRs, where = ( , ) and = ( , ) are represented by the 2-tuple linguistic model, ∈ , ∈ . is a set of the known weight information, which can be constructed by the following forms [34, 35, 40, 46] , for ̸ = : The steps of the proposed method are as follows.
Step 1. Calculate the collective rating of the alternatives with respect to CRs.
Step 1.1. Transform the linguistic decision matrix = ( ) × into 2-tuple linguistic decision matrix = ( , 0) × .
Step 1.2. Utilize the decision information given in matrix to derive the collective overall 2-tuple linguistic decision matrix = ( , ) × ,
Step 2. Calculate the collective incomplete weight information of CRs. Form 1 and Form 2: for the same CRs, if there are no conflicts in , then all the weight information will be preserved. On the contrary, if there are conflicts in , majority voting [47, 48] is employed to eliminate conflicts, that is, only the weight information that obtains the most votes is preserved.
Forms 3 and 4: aggregate the weight information of CRs into the group assessment information.
The weight information of − in Form 3 is aggregated as follows:
where is the number of customers that give weight information about CR and CR in Form 3. The weight information of in Form 4 is aggregated as follows:
where is the number of customers that give weight information about CR in Form 4.
Step 3. Determine the weight of the CRs. The weighted rating ( , ) of the alternatives is calculated based on the rating with respect to CRs and weight of CRs:
Since the information about weights of CRs is partially known, based on the principles that the alternatives that Mathematical Problems in Engineering 5 obtain the highest weighted rating are the best one, in order to obtain the ( , ), we establish the following single objective optimization model (M1):
Subject to : ∈ H, = 1, 2, . . . .
According to Δ −1 function, the objective optimization model (M1) can be transformed into the objective optimization model (M2):
By solving the model M2, we obtain the optimal solution = { 1 , 2 , . . . , }, which is the weight vector of CRs.
Step 4. Calculate the collective correlation between DRs.
Step 4.1. Transform linguistic decision matrix CL = (cl ) × into 2-tuple linguistic decision matrix CL = (cl , 0) × .
Step 4.2. Utilize the decision information given in matrix CL to derive the collective overall 2-tuple linguistic decision matrix CL = (cl , ) × :
Step 5. Calculate the collective normalized relationship between CRs and DRs
Step 5.1. Transform the linguistic decision matrix RL = (rl ) × into 2-tuple linguistic decision matrix RL = (rl , 0) × .
Step 5.2. Utilize the decision information given in matrix RL to derive the collective overall 2-tuple linguistic decision matrix RL = (rl , ) × :
Step 5.3. For obtaining relative relationship degrees of DRs with respect to CRs and dealing with the dependence among DRs, the normalized transform on the relationship values contained in the relationship matrix is used and expressed as [10] [11] [12] :
. (17) Step 6. Calculate the rating of the alternatives with respect to the DRs. The rating of the alternative with respect to the DR is obtained by the sum of multiplying the rating of the alternative with respect to each CR by the corresponding normalized relationship as
Step 7. Calculate the weight of the DRs. The weight of the DR is obtained by the sum of multiplying the weight of CRs by the corresponding normalized relationship as
Step 8. Calculate the weighted rating of the alternatives with respect to the DRs. The weighted rating of the alternatives is calculated based on the rating with respect to DRs and weight of DRs:
Step 9. Rank the alternatives. The alternatives are ranked in descending order of the weighed rating of the alternatives. With the proposed method, not only the best design is selected but also the advantage and disadvantage of each alternative can be identified directly. It facilitates the customer to express their preferences and make the evaluation results more understandable for designers. Moreover, the weights of DRs indicate the contribution of each design requirement to the customer satisfaction and more attention should be paid to the DRs with higher weights.
Note that if the designers only focus on which design is the best and lack of the interest in the reason to select the design, the ranking of the alternatives can be obtained by the sum of multiplying the weight of customer requirements by the corresponding rating of the alternatives after the third step.
Case Studies
In this section, the fully automatic washing machine development case is used to illustrate the proposed approach [49] . Our main focus is to evaluate the four designs which are denoted as 1 , 2 , and 3 and 4 and determine the best design. It is based on the assumption that the machine will be used by housewives in families. Decision makers including three customers which are denoted as 1 , 2 , and 3 and three designers which are denoted as 4 , 5 , and 6 are invited to give their preferences using the terms in the linguistic set . From the analysis of the questionnaire results, five customer requirements are identified. These CRs include "thorough washing" (CR 1 ), "quiet washing" (CR 2 ), "thorough rinsing" (CR 3 ), "no damage to clothes" (CR 4 ), and "short washing time" (CR 5 ). The corresponding DRs include "washing quality" (DR 1 ), "noise level" (DR 2 ), "washing time" (DR 3 ), "rinsing quality" (DR 4 ), and "clothes damage rate" (DR 5 ).
Considering the values and weights of customer requirements, we see that it is hard to be given crisp numbers especially for the customers who are not specialized in product design. Moreover, since the linguistic terms are more understandable than crisp numbers, decision makers can give their opinions more easily and accurately.
The rating of the alternatives given by the three customers is shown in Table 1 .
According to the judgment of the three customers, the information about the weights of CRs is partly known as follows:
The rating of the correlation between DRs given by the three designers is shown in Table 2 . The rating of the relationship between the CRs and DRs given by the three designers is shown in Table 3 .
The steps to be taken are described as follows.
Step 1. Calculate the collective rating of the alternatives with respect to CRs. Firstly, the linguistic decision matrixes in Table 1 are transformed into 2-tuple linguistic decision matrix and then the collective overall 2-tuple linguistic decision matrix can be derived, as shown in Table 4 .
Step 2. Calculate the collective incomplete weight information of CRs.
Since there are conflicts about the relationship between 1 and 4 , 1 ≤ 4 obtains two votes and 1 ≥ 4 obtains one votes; hence, the collective relationship is 1 ≤ 4 .
The collective range of the weight can be derived by (11) . For example, collective range of the weight 1 can be calculated as
The collective incomplete weight information of CRs is as follows: 
Step 3. Determine thSe weight of the CRs. Firstly, we utilize the model (M2) to establish the following single objective optimization model to determine the weight: Suject to : ∈ H. Table 2 : The rating of the correlation between DRs.
By solving this model, we obtain the weight vector of customer requirements:
Then we can prioritize the CRs:
Thus, CR 4 has the highest potential contribution to customer satisfaction and should be paid more attention during the following product development process. Moreover, the obtained weights are understandable because their values are in the form of linguistic terms instead of precise numbers.
We transform linguistic decision matrixes in Table 2 into 2-tuple linguistic decision matrix and then derive the collective overall 2-tuple linguistic decision matrix, the results of which are shown in Table 5 .
Step 5. Calculate the collective normalized relationship between CRs and DRs.
Firstly, we calculate the collective overall 2-tuple linguistic decision matrix based on the linguistic decision matrixes in Table 3 and the results are shown in Table 6 .
Secondly, we use (17) to normalize the collective relationship between the CRs and DRs. For example, the normalized collective relationship between CR 1 and DR 1 can be calculated as The normalized collective relationship between the CRs and DRs are shown in Table 7 .
Step 6. Calculate the rating of the alternatives with respect to the DRs.
For example, the rating of 1 with respect to DR 1 can be calculated as 
Based on ratings in Tables 4 and 7 , the rating of the alternatives with respect to the DRs is shown in Table 8 .
Step 7. Calculate the weight of the DRs.
The weight of the DRs is the measure for DR on the overall impact of customer satisfaction. Based on the weight vector and normalized collective relationship in Table 7 , the weight of DRs can be obtained by (19) . The results are shown in Table 9 .
Then we can prioritize the design requirements:
Thus, DR 5 contributes more to the user satisfaction and more attention should be paid the DR 5 in the development of products.
Step 8. Calculate the weighted rating of the alternatives with respect to the DRs.
By utilizing the weight vector in Table 9 and by (20), we can calculate the weighted rating of the alternatives. The calculated results of all the alternatives are shown in Table 10 .
Step 9. Rank the alternatives. Rank the alternatives in ascending order of the total weighted ratings. The final ranking of the alternatives is 8 Mathematical Problems in Engineering Table 3 : The rating of the relationship between the CRs and DRs. From the ranking, clearly, we see that 1 is the best design and it performs best with respect to all the DRs, while 4 is considered as the worst and it performs worst with respect to all the DRs.
Conclusions
In this paper, we proposed the method for product design selection with incomplete linguistic weight information based on QFD in a fuzzy environment. The proposed method connects the customers' view and designers' view on the design and provides a more relaxing way to rate the weight of customer requirements. Firstly, we use the objective optimization model to calculate the weight of customer requirements based on the incomplete weight information given by group of customers. After the HoQ is constructed based on the linguistic assessment information given by group of designers, the opinions given by the customers are transformed into the opinions with respect to the design requirements. Then the priorities of the designs and design requirements are determined. The availability of the proposed method is validated by the numerical example.
The major advantages of the proposed method are as follows.
(i) The method facilitates the expression of the weight of the customer requirements. Customers are allowed to give incomplete linguistic weight information in four forms instead of precise linguistic terms. (ii) The method not only facilities customers to express the preference with respect to the customer requirements but also makes the assessment results more understandable for designers because of the transformation of the customers' opinions into the opinions with respect to the design requirements based on the QFD. (iii) The linguistic assessments information given by the customers and designers are processed more accurately by the 2-tuple linguistic representation model. Since the 2-tuple linguistic representation model does not need the approximation process to express the result in the initial expression domain, it avoids the loss of information and the lack of precision. 
